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Figure 1 System flow chart
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Figure 5 Activity segmentation algorithm flow chart
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Figure 6 Activity segmentation algorithm effect
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Figure 10 BAHAR dataset confusion matrix
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Figure 12 Effect of different sliding window mechanisms
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Table 3 Effect comparison of different methods
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Human Activity Recognition Method Based on CSI Principal Component Segmentation

RAO Zhuang', DING Dazhao’, WANG Yijing’

(1. School of Cyber Science and Engineering, Zhengzhou University, Zhengzhou 450002, China; 2. Songshan Laboratory, Zhengzhou
450000, China)

Abstract; The traditional method of human activity recognition based on channel state information ( CSI) suffers
from issues such as input data redundancy and limited feature extraction. To address this, a human activity recogni-
tion approach based on CSI principal components and a dual-layer sliding window mechanism was proposed. First-
ly, autlier removal and noise reduction were performed on the amplitude the use of a dual-layer sliding window
mechanism based on principal component analysis enabled activity segmentation of preprocessed CSI data to elimi-
nate irrelevant information and enhance model training efficiency. Subsequently, spatial and temporal analysis of
the CSI data was conducted using convolutional neural network and bidirectional gated recurrent unit, with the inte-
gration of a multi-head attention mechanism to focus on key information for achieving high-precision recognition of
human activities. Experimental validation was performed using the WiAR and BAHAR public datasets, demonstra-
ting that the proposed method could effectively recognize various human activities in diverse environments, while re-
ducing the data volume by 5%. The accuracy achieved on the WiAR dataset was 96. 53% , indicating superior per-
formance compared to existing methods.

Keywords: channel state information; activity segmentation; convolutional neural network ; bidirectional gated re-

current unit; multi-head attention mechanism





